In this paper, we analyze cross-sectional heterogeneity in the time-series variation of liquidity in equity markets. Our analysis uses a broad time-series and cross-section of liquidity data. We find that average daily changes in liquidity exhibit significant heterogeneity in the cross-section; the liquidity of small firms varies more on a daily basis than that of large firms. A steady increase in aggregate market liquidity over the past decade is more strongly manifest in large firms than in small firms. Absolute stock returns are an important determinant of liquidity. We investigate cross-sectional differences in the resilience of a firm's liquidity to information shocks. We use the sensitivity of stock liquidity to absolute stock returns as an inverse measure of this resilience, and find that the measure exhibits considerable cross-sectional variation. Firm size, return volatility, institutional holdings, and volume are all significant cross-sectional determinants of this measure.
Liquidity is the grease that facilitates the smooth functioning of financial markets. A lack of liquidity is a form of friction (Stoll, 2000) that can have adverse effects on asset values, as demonstrated by Amihud and Mendelson (1986) . Recent events such as the 1998 bond market crisis have heightened regulatory concerns about liquidity crises. 1 The study of liquidity is important, from a scientific as well as a practical standpoint.
Many studies of liquidity have documented that liquidity varies in the cross-section.
Papers that focus on the cross-sectional determinants of liquidity include Benston and Hagerman (1974) , Branch and Freed (1977) , Stoll (1978), and Easley, Kiefer, O'Hara, and Paperman (1996) . Of late, there has been interest in examining the time-series variation in market-wide liquidity; see Chordia, Roll, and Subrahmanyam (CRS) (2001) .
While cross-sectional and time-series variations in liquidity have been analyzed in separate strands of literature, not much is known about how the time-series behavior of liquidity varies in the cross-section. There are sound reasons to study this issue. An immediate question is whether any trends in liquidity over the recent past are discernible uniformly in the crosssection. Another issue is whether the extent of day-to-day variation in liquidity differs across firms. A third question is whether there are cross-sectional differences in the ability of equity markets to provide liquidity when information shocks buffet the value of the security. That is, how resilient is liquidity to information flows that affect the value of the company?
The latter question raises the issue of how to measure the sensitivity of liquidity to information flows. Stock returns move both because of information as well as temporary price pressures; the second type of movement is reversible. Since daily stock returns exhibit extremely 1 See the Wall Street Journal, "Illiquidity is Crippling the Bond World," (October 19, 1998) p. C1, "Illiquidity means it has become more difficult to buy or sell a given amount of any bond but the most popular Treasury issue. The spread between prices at which investors will buy and sell has widened, and the amounts in which Wall Street firms deal have shrunk across the board for investment grade, high-yield (or junk), emerging market and asset-backed 1 low serial correlation in our sample, we use the daily absolute return as a proxy for daily information flow, and use the sensitivity of liquidity to absolute returns as an inverse measure of the resilience of liquidity to information shocks. Inventory and asymmetric information arguments suggest that this resilience could be very different across firms with differing market capitalization and differing levels of trading activity. However, since there is no extant evidence on this issue, an empirical question of interest is whether the time-series sensitivity of liquidity to information varies significantly in the cross-section, and if so, what cross-sectional attributes capture the heterogeneity in this relationship.
Motivated by the above observations, we seek to document cross-sectional heterogeneity in the time-series variation of liquidity, and in the sensitivity of liquidity to daily stock price fluctuations. 2 Specifically we ask the following questions: (i) Are any trends in liquidity over the recent past discernible uniformly in both small and large stocks? (ii) Is the extent of day-to-day variation in liquidity uniform across all firms in the cross-section? (iii) How does the relation between liquidity and absolute stock returns vary in the cross-section? (iv) What firm-specific characteristics explain cross-sectional variation in this co-movement?
Apart from the straightforward goal of understanding more about the general topic of liquidity, our study has asset pricing implications. For instance, larger liquidity improvements for some firms relative to others imply a greater reduction in their costs of capital. In addition, knowing the determinants of the relation between liquidity and stock price movements can aid in the development of trading strategies; for example, stocks whose resilience to stock price bonds…The sharp reduction in liquidity has preoccupied the Fed because it is the lifeblood of markets." (emphasis added). 2 In this paper, we do not attempt to shed explicit light on the inventory vs. asymmetric information hypotheses. That is an exercise which can be better conducted using transaction-by-transaction data. Our goal here is to present stylized facts on cross-sectional heterogeneity in daily liquidity variations; however, studies such as Glosten and Harris (1988) suggest that the inventory component is small at daily horizons. Further, while some important studies 2 movements is small imply higher trading costs during periods of important news announcements.
From an academic standpoint, understanding the time-series relation as well as the cross-sectional relation between liquidity and stock price movements can help us gain a better understanding of why stock liquidity moves over time.
In our empirical analysis, we depart from the existing cross-sectional studies of liquidity by using a broad time-series and cross-section of liquidity data. Specifically, we use daily liquidity data on more than 1200 NYSE stocks over more than 2500 trading days; whereas most existing cross-sectional studies of liquidity (e.g., Benston and Hagerman (1974) , Branch and Freed (1977), and Stoll (1978) ) use data over an year or less for a relatively small sample of stocks. Our comprehensive sample allows us to enhance the reliability of our results, and, unlike existing studies, we study both the time-series and cross-section of liquidity.
We find that the increase in liquidity over the past decade, while manifest across the cross-section, is more pronounced for the larger stocks. Further, the daily liquidity of small firms is far more volatile than that of large firms. We also find that daily absolute returns are an important determinant of day to day variations in liquidity; in particular, spreads vary strongly and positively with absolute returns. This result obtains for returns computed using closing prices as well as the mid-point of the last bid and ask quotes during a day, so it is not an artefact of bid-ask bounce. 3 In addition, individual stock liquidity is also strongly and positively related to a five-day moving average of lagged absolute returns (where the latter variable, given volatility persistence, proxies for expected future volatility). After controlling for concurrent absolute have analyzed cross-sectional differentials in liquidity around specific events (see Goldstein and Kavajecz (2000) and Corwin and Lipson (2000) ) our focus here is on long-term variations in liquidity across a multitude of events. 3 We interpret the relation between liquidity and absolute returns as representing the resilience of liquidity to information flows, i.e., we take daily absolute returns as a measure of daily information flow. This interpretation is supported by the finding that daily returns exhibit virtually zero serial correlation, so that noise does not appear to be significant factor in daily returns; in addition, return variations due to changes in liquidity premia are related to signed, not absolute returns. See footnote 6 for a more detailed explanation. stock returns and recent stock volatility, concurrent and recent market movements do not appear to be important in determining stock liquidity.
The co-movement between liquidity and absolute stock returns, an inverse measure of the resilience of a firm's liquidity to information shocks, exhibits considerable cross-sectional heterogeneity. We explore the cross-sectional determinants of this co-movement. Return volatility, stock market volume, and firm size strongly and negatively affect this relation.
Variability of volume and the level of the stock price are positively related to this relation.
Institutional holdings influence the relation negatively in large firms. In sum, the cross-sectional results demonstrate that the resilience of equity market liquidity to stock price movements is (ceteris paribus) greatest for large firms, firms with high trading volume, firms with high return volatility, and firms with low variability in trading activity. Greater institutional holdings are positively associated with this capacity in large firms.
The rest of the paper is organized as follows. Section I describes the data. Section II documents the time-series response of liquidity to absolute returns, and analyzes the crosssectional determinants of the response coefficient. Section III concludes.
I. Data
The data sources are the Institute for the Study of Securities Markets (ISSM) and the New York Stock Exchange TAQ (trades and automated quotations). The ISSM data cover 1988 ISSM data cover -1992 inclusive while the TAQ data are for 1993-1998. We use only NYSE stocks to avoid any possibility of the results being influenced by differences in trading protocols.
A. Inclusion Requirements
Stocks are included or excluded during a calendar year depending on the following criteria: 4 • To be included, a stock had to be present at the beginning and at the end of the year in both the CRSP and the intraday databases.
• If the firm changed exchanges from Nasdaq to NYSE during the year (no firms switched from the NYSE to the Nasdaq during our sample period), it was dropped from the sample for that
year.
• Because their trading characteristics might differ from ordinary equities, assets in the following categories were also expunged: certificates, ADRs, shares of beneficial interest, units, companies incorporated outside the U.S., Americus Trust components, closed-end funds, preferred stocks and REITs.
• To avoid the influence of unduly high-priced stocks, if the price at any month-end during the year was greater than $999, the stock was deleted from the sample for the year.
Intraday data were purged for one of the following reasons: trades out of sequence, trades recorded before the open or after the closing time, and trades with special settlement conditions (because they might be subject to distinct liquidity considerations). Our preliminary investigation revealed that auto-quotes (passive quotes by secondary market dealers) were eliminated in the ISSM database but not in TAQ. This caused the quoted spread to be artificially inflated in TAQ.
Since there is no reliable way to filter out auto-quotes in TAQ, only BBO (best bid or offer)eligible primary market (NYSE) quotes are used. Quotes established before the opening of the market or after the close were discarded. Negative bid-ask spread quotations, transaction prices, and quoted depths were discarded. Following Lee and Ready (1991) , any quote less than five seconds prior to the trade is ignored and the first one at least five seconds prior to the trade is retained.
For each stock we define the following variables: spread is lower than the quoted spread, because a large proportion of transactions take place within the spread. The table also indicates that the quoted and effective spreads have generally decreased over time during our sample period. 4 However, focusing on the cross-sectional standard deviation for the variables, we notice that the averages hide significant cross-sectional variation in liquidity, particularly in the depth and relative spread variables. Table 1 show the trend in the liquidity variables across size quartiles. As can be seen, both quoted and effective spreads have shown a steady decline across both small and large firms. For instance, the quoted (effective) spread for the smallest firms has declined from $0.21 ($0.16) in 1988 to $0.18 ($0.12) in 1998 and for the largest firms it has decreased from $0.23 ($0.17) to $0.14 ($0.09). The relative quoted and effective spreads have also declined significantly for all size quartiles but this could be the result of the dramatic increase in prices in the 1990s. For the smallest quartile of firms, depth has increased from an average of 6,114 shares in 1988 to 6,555 shares in 1996 and for the largest quartile of firms, depth has increased from an average of 6,778 shares in 1988 to 10,054 shares in 1996. The increasing trend in aggregate market liquidity, while manifest throughout the cross-section, is more pronounced for the largest stocks. This suggests that it is the largest stocks that have benefited more from technological innovations that have led to an increase in liquidity over time.
Panels B through E of
We next examine how day-to-day changes in liquidity vary in the cross-section. Panel A of Table 2 presents the summary statistics for the absolute daily changes in liquidity measures (in percentages). Changes in liquidity exhibit significant cross-sectional variation. For example, the average absolute daily change in the quoted spread is about 12% for quartile 4, which consists of the largest firms, but as much as 23% for quartile 1, which consists of the smallest firms. The variability of absolute changes in the spread measures are also largest for small firms. 
II. The Relation between Liquidity and Stock Volatility.
To this point, we have described cross-sectional heterogeneity in the daily level and day-to-day variation in liquidity. Motivated partially by the evidence in Chordia, Roll, and Subrahmanyam (2001) that stock market returns are the most important determinant of aggregate market liquidity, we now turn to the issue of whether there is cross-sectional heterogeneity in the relation between liquidity and stock price movements. In order to build up to the empirical analysis in Section II.B, we provide a simple theoretical setting in the following subsection.
A. Theoretical Background
Consider the following framework. A standard Kyle (1985)-type setting (e.g., Subrahmanyam 1991) indicates that the slope of the pricing schedule λ when the market maker is risk averse is given by 8 where ν δ is the volatility of the asset value (δ being the asset's terminal payoff), R is the risk aversion of the market maker, ν z is the volatility of noise trading, and n is the number of informed traders. Henceforth, we use λ as a theoretical proxy for the empirical liquidity measures we describe in the next section.
Define K = R/4 and A≡n/[(n+1) 2 ν z ]. Then, the derivative of λ with respect to ν δ is given 
Thus, the response of λ to ν δ is positive but decreasing in ν δ and ν z . In other words, λ is concave in ν δ , and the response of λ to ν δ is decreasing in ν z . An increase in v δ implies an increase in profit potential for informed traders as well as greater inventory risk and thus results in greater illiquidity. However, for progressively larger values of asset volatility, unit increases in asset volatility have increasingly smaller impacts on lambda. Further, for large values of the 9 variance of noise trading, the adverse selection problem is small, so a marginal increase in v δ does not have much of an effect on illiquidity, but for small values of ν z the opposite is true.
We use the above framework as a guide to our analysis. 5 Note that with normally distributed asset values, we have ν δ =(π/2)[E|δ|] 2 , so that E[|δ|] is monotonically related to ν δ . In order to keep the measures comparable across stocks, we use a scaled (dimensionless) estimate for E [|δ|] .
Thus, in Section II.B.1 to follow, we use the absolute return over a trading day as a proxy for the information flow v δ . Of course, a potential concern that the absolute return could be a temporary (reversible) price pressure unrelated to information flow. However, the average daily serial correlation in the cross-section of stocks during our sample period is close to zero (-0.021). This suggests that the bulk of daily return movements is due to information flows; which justifies the use of the absolute return as a proxy for v δ . In addition to the contemporaneous absolute return, we also use a moving average of lagged absolute returns over the past week as a proxy for the market maker's estimate of ν δ . To control for market-wide changes in volatility, we use the absolute market return as well as the moving average of past five-day absolute market returns.
In our cross-sectional work in Section II.B.2, our goal is to identify the sources of crosssectional variation in the sensitivity of liquidity to absolute returns. In this context, the second derivatives in (3) and (4) above can be interpreted as capturing the cross-sectional relation between the response of liquidity to new information (the first derivative) and cross-sectional proxies for v δ and v z . This interpretation allows us to test hypotheses regarding the sign of the second derivatives in equations (3) and (4). The specific proxies for v δ and v z that we use are described in Section II.B.2.
B. Empirical Analysis

B.1 Time-Series Regressions
We now document cross-sectional differences in the ability of a stock's liquidity to withstand information flows. As pointed out in the previous subsection, an inverse measure of this ability is the extent of co-movement between a stock's liquidity and contemporaneous absolute returns. To estimate this quantity, we run the following regression for each stock i: DABL5RET it : Change in the cumulative absolute return for stock i over the past five days across dates t-1 and t, i.e., ABSRET it-1 -ABSRET it-6 , DABSMRET t : Change in the absolute value of the contemporaneous market return across 11 dates t-1 and t,
DABL5MRET t : Change in the cumulative absolute market return over the past five days across dates t-1 and t, i.e., ABSMRET t-1 -ABSMRET t-6 , MX t : Equally-weighted market liquidity measure that corresponds to the dependent variable X, ε it : Error term which is assumed to follow an AR(1) process.
As argued earlier, the contemporaneous change in the daily absolute stock return,
DABSRET it , results from information shocks, and thus, reflects new information about a company. The regression coefficient associated with this variable captures the sensitivity of liquidity to stock price fluctuations, and is an inverse estimate of the resilience of stock's liquidity to information shocks. 6
Since volatility is persistent, 7 the lagged change in absolute stock returns, DABL5RET it , partially captures the market's assessment of stock return volatility this week as compared to that of last week, and thus proxies for changes in the market maker's estimate of inventory risk. Our theory suggests that the coefficient on DABL5RET it should also have a positive sign. This coefficient is an additional measure of the resilience of liquidity to stock price fluctuations. Since information shocks may be either stock-specific or economy-wide, we include DABSMRET t and DABL5MRET t as the market counterparts of the individual stock measures.
Our model also includes market-wide liquidity and five lagged values of liquidity changes; further, we assume an auto-regressive error structure. The five lags of liquidity 6 The reader may wonder whether day to day returns contain a liquidity premium, which could result in a reverse causality whereby liquidity causes return fluctuations. However, we look at absolute returns, whereas the liquidity premium theory is one involving signed returns. Further, while infrequent liquidity crises could lead to stock market crashes, we find it implausible that day to day liquidity variations are an important factor in day to day return variation. The notion that returns mainly reflect information is supported by our earlier statement that day to day returns appear to follow a random walk in our sample; the serial correlation in these returns is virtually zero. Also, our results are robust to using closing quote-midpoints to calculate returns (see Section II.B.4 to follow), thus alleviating concerns about bid-ask bounce. 7 The persistence of volatility is well-known (see, e.g., Bollerslev, Chou, and Kroner, 1992) .
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changes capture autocorrelation, and the market liquidity variables capture commonality as well as weekly seasonalities in aggregate market liquidity. The above equation is estimated separately for each firm in each year using a maximum likelihood estimation procedure. 8 The average adjusted R 2 's in these regressions vary from 34% for regressions based on DQSPR to 15% for regressions of DCOMP. Table 3 presents the annual cross-sectional averages for the coefficients α 1 through α 4 , 9 as well as the averages sorted into size quartiles. Panels A and B report the averages for the coefficient on DABSRET (α 1 ). With the exception of regressions based on DDEPTH and D$_DEPTH, the average coefficient on DABSRET, α 1 , is positive and statistically significant in the regressions. In addition, the vast majority of the coefficients on DABSRET are positive for all measures of liquidity except depth. The positive value suggests that spreads increase with the magnitude of absolute returns, i.e., liquidity is lower when the contemporaneous stock volatility is large. This is consistent with the theory in Section I, suggesting that new information, as proxied by stock price volatility, increases adverse selection risks and inventory risks faced by liquidity providers, and thus impacts spreads. The estimates are economically significant, suggesting, for example that a change in ABSRET of 0.1% changes spreads by about 20%.
In the regressions of DEPTH and $_DEPTH, α 1 tends to be insignificant in many years.
The coefficient is negative during the years 1989-1993 and positive during 1994-1998. This suggests that stock price movements may impact liquidity mainly through spreads rather than depth. Alternatively, with an increase in return volatility and higher spreads, depth may actually increase for some stocks as the inside depth is wiped out or as investors submit more limit orders 8 The results are qualitatively the same when OLS is used. 9 For convenience, we drop the i subscripts on the coefficients in the discussion below.
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instead of market orders in order to capture the bid-ask spread. Finally, α 1 is significantly positive in regressions of DCOMP (which combines depth and spread), but is positive for fewer firms in this regression than in the regressions based on spreads.
From Panel B, which reports the average coefficients sorted by size quartiles (firm size is computed as of the end of the previous year), we observe that the average coefficients in the spread regressions decrease monotonically across quartiles 2 to 4. 10 However, these averages are smaller for quartile 1 than for quartile 2. In addition, the percentage of firms with positive coefficients is lowest for quartile 1 and the standard errors in the spread regressions are the highest, suggesting that the coefficients for the smallest firms are estimated less precisely.
Doubtless, these findings could be influenced by the low transaction frequency in small firms.
The coefficients for the depth measures are negative for the two largest quartiles and positive for the two smallest quartiles. This implies that for the smaller stocks, spreads and depth are both positively related to absolute returns. Again, limit order submissions may account for this finding. In particular, since smaller stocks have higher spreads, with an increase in volatility, it may become advantageous for investors to place limit orders instead of market orders in order to capture the bid-ask spread. The probability of executing a limit order is greater when the magnitude of stock price fluctuations is higher. Thus, for the small stocks, an increase in limit order submissions in response to greater stock price fluctuations may explain the positive coefficient in the regression of depth on absolute stock returns.
An alternative explanation for results for the depth regressions is as follows. For small stocks, depth at the inside quotes is likely to be small, so that as return volatility increases, the inside depth is more likely to be eliminated in response to incoming orders. Outside the inside quotes, depth may be higher so that we may see an increase in depth for the small stocks as 14 volatility increases. For larger stocks, the inside depth may be larger and thus may not be completely eliminated in response to an increase in volatility. This may lead to a decrease in depth for the largest stocks as return volatility increases.
Overall, there is significant inter-quartile variation in the relation between liquidity and contemporaneous stock price movements. However, it remains an open question as to which firm characteristics (such as price, size, trading volume, etc.) drive this time-series relationship.
This issue is addressed in the next subsection.
Panels C and D present the average coefficients from the regression of changes in liquidity on changes in the past moving average of absolute returns (α 2 ). Similar to Panel A, the coefficients are positive and highly significant for spread measures, but not for depth measures of liquidity. This indicates that increases in recent stock volatility also lead to higher spreads and thus lower liquidity. In Panel D, the coefficients for spread measures increase monotonically across quartiles. Further, as in Panel B, the coefficients appear to be noisiest for the smallest quartile of firms where the percentage of coefficients with positive values is the least. 11
The above results establish a strong relationship between the spread measures of liquidity and contemporaneous stock price movements as well as stock volatility in the recent past.
However, the coefficients from the depth regressions do not show a consistent pattern, and the proportion of positive coefficients is in the range of 40-60%; for this reason we do not focus on these coefficients in our cross-sectional analysis.
The results for the absolute market return (measured by the absolute value of the CRSP equally-weighted return), while not reported for brevity, indicate the following pattern. In 10 Quartile 1 represents the smallest firms and quartile 4 the largest. 11 The finding that the results for the contemporaneous absolute return (DABSRET) are similar to those for the past moving average of returns (DABL5RET) indicates that our results on the relation between liquidity and stock price movements are not an artefact of a spurious relation between spread and contemporaneous absolute returns caused contrast to the results for α 1 , the vast majority of the α 3 (the coefficient on DABSMRET) estimates tend to be only weakly significant. The sign for α 3 is not consistent across the years.
Further, in all regressions, the proportion of firms with coefficients that are positive (or negative)
is very close to 50%. Even when firms are sorted into quartiles, the proportion of firms with positive (or negative) coefficients (not reported for brevity), although often statistically significant, tend to be around 50%. The results for α 4 are similar. For all liquidity measures other than quoted spreads and relative quoted spreads, the coefficient on DABSMRET tend to be insignificant. This suggests that it is individual stock return volatility and not market return volatility that impacts the liquidity of a given stock. Hence, we do not consider DABSMRET in the cross-sectional analysis to follow.
B.2 Cross-sectional Determinants of the Response of Liquidity to Absolute Returns
The previous subsection documented cross-sectional heterogeneity in the extent of co-movement between liquidity and daily absolute stock returns, alternatively in the resilience of a liquidity to information shocks (for brevity we will henceforth use the term "response coefficient" for this comovement). In this section, we explore whether firm-specific characteristics explain the crosssectional variation in these response coefficients. That is, we try to identify variables which help explain why the ability of liquidity to withstand information shocks varies across firms. In particular, we attempt to isolate variables that are associated with the inventory and/or asymmetric information problems faced by market makers on the trading floor. First, we hypothesize that the smaller a firm, the larger the increase in adverse selection risks and inventory risks following information shocks, proxied by stock price movements. In addition, by bid-ask bounce effects. The relation between liquidity and past absolute returns is unlikely to be caused by bidask bounce. Nevertheless, we examine the robustness of our results to the bid-ask bounce effect in Section B.4 market makers of small firms with a low supply of outstanding shares may have difficulty turning around their inventory. This suggests that, ceteris paribus, the liquidity of smaller firms should be more strongly associated with fluctuations in stock prices than those of larger firms. Hence, we include firm size as an explanatory variable in our cross-sectional analysis.
To obtain further guidelines for the choice of cross-sectional variables, we proceed as follows. As we pointed out earlier, we interpret the second derivative in the theoretical analysis of Section II.A as measuring how the relation between liquidity and stock price movements varies in the cross-section. The theory indicates that this response is decreasing in volatility of the asset value and the volume of uninformed trade (recall the sign of the second derivatives in equations (3) and (4)). In our cross-sectional analysis, we use proxies for these variables as well as other variables indicated by a priori intuition. Thus, we use a measure of return volatility measured over the prior calendar-year as a proxy for the asset variance v δ . We also include share turnover because we expect that more volume would cause market makers to be less concerned about reversing their inventory. This variable also proxies for liquidity trading, v z , as per Section II.A. However, the more volatile the trading activity, the more difficulty the market maker will have in predicting the arrival of reversing transactions and, hence, greater will be the inventory risk; based on this intuition we also include the volatility of share turnover.
The next two variables we consider are the price per share and the percentage of a firm's stock held by institutions. We include price per share to account for inadequate scaling of the response coefficients across low-price and high-priced firms. In addition, we conjecture that market makers have more reasons to be concerned about inventory if a greater proportion of stock is held by institutions as institutional orders tend to be larger. Thus, we include the institutional holdings variable. Not surprisingly, the volatility of returns decreases across the size quartiles, while turnover increases across these groups. On average, 0.31% of the stocks for all firms are "turned-over" on each day of trading. To provide more perspective on cross-sectional variation in trading activity, we also provide statistics on the daily number of transactions across the size quartiles and for the entire sample (though we do not use this variable in our cross-sectional regressions). The pattern in the numbers for the average daily number of transactions, an alternative measure of trading activity, are similar to those for turnover. Specifically, for the median small firm, there are about 18 13 trades in a day. However, this number increases to about 177 for the median firm in the largest quartile. These indicate the existence of significant variation in the explanatory variables and trading activity across the size quartiles.
We now turn our attention to the cross-sectional regressions of the response coefficients estimated from our time-series regressions. Table 5 presents PRICE and STDTURN are positively related to the response coefficient. The response coefficient is decreasing in size and trading volume as measured by the turnover, suggesting that for larger firms and firms that have a higher trading volume, the impact of contemporaneous 19 stock volatility on liquidity is smaller. Thus, the liquidity of larger stocks and stocks that have higher trading volumes, is more resilient to stock price movements than the liquidity of smaller stocks and stocks with lower trading volumes. This is consistent with the notion that it is the former category of stocks that are widely held and extensively followed. The response coefficient is also decreasing in return volatility. Thus, the liquidity of stocks that have higher return volatility exhibits a lower response to information shocks.
The impact of contemporaneous absolute returns on spreads is increasing with price and this impact decreases monotonically across size quartiles. A possible explanation for this result is as follows. which represents the minimum institutionally mandated change in stock prices, is more likely to be binding for lower priced stocks. The response coefficient is then constrained by the tick size, especially for lower priced stocks. Thus, as price increases, the constraint will be less binding, and the impact of the stock price on the response coefficient should be higher. Furthermore, this response coefficient should decrease across size quartiles because as price increases across the size quartiles, the tick size becomes less binding.
The variability of turnover is positively related to the response coefficient for the spread.
This result is consistent with the intuition that market maker inventory is riskier for stocks with more variable turnover, so that liquidity responds strongly to stock price movements for stocks with higher variability in trading activity.
The relation between the spread and absolute returns is insignificantly related to institutional holdings for the quoted spread, but positively for the proportional effective spread, 12 It is well-known that volatility is positively related to the level of the bid-ask spread in the cross-section (see, e.g., Benston and Hagerman, 1974) . However, as documented here, there is a negative relation between volatility and the time-series response of spreads to absolute returns. 13 See Chordia and Subrahmanyam (1995) and Ball and Chordia (2000) for a detailed analysis of the tick size.
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for the entire sample of firms. Focusing on the within quartile regressions, the largest two quartiles have a significantly negative relationship between the quoted spread's response coefficient and institutional holdings. This suggests that as the impact of stock price movements on quoted spreads increases in the largest quartiles, institutions can step up to supply liquidity because they hold more of the largest stocks and being well diversified they are in a position to profit from information shocks to a given stock.
The regression results for the composite liquidity measure tend to be qualitatively similar to those based on quoted spreads. This is not surprising, since the composite measure is based on quoted spreads and depth.
In sum, the cross-sectional results demonstrate that the resilience of a firm's equity market to information shocks is (ceteris paribus) greatest for firms with high market capitalization, trading volume, and return volatility, and low variability in trading activity. Larger institutional holdings are positively associated with this capacity in large firms.
B.4 Robustness checks
It is worth emphasizing that the Fama-Macbeth statistics reported for the regressions in Table 5 are based on only 11 years of data. Naturally, power in the tests is a concern with such a short sample period. The significance observed in the regressions in spite of this shortcoming reinforces our confidence in the results, and provides evidence of stability in the cross-sectional estimates across the years. In this section, we address two other concerns regarding our estimation procedure.
The first concern relates to the fact that we compute absolute returns using actual transaction prices, so that there is the possibility that the co-movement between spreads and absolute returns could be an artifact of bid-ask bounce, given that the component of return due to 21 bid-ask bounce depends on the size of the bid-ask spread. To address this issue, we create a dataset of returns that is free of bid-ask bounce. In particular, we use a time series of the mid-point of the quoted bid-ask spread prevailing at the time of the last trade of the day to calculate the daily return for each stock. 14 We redid the regressions using this return series and found that the results in Tables 3 through 5 were qualitatively unaltered. These results are not reported for brevity but are available upon request.
A second concern regarding our results is that in the two-step procedure we have used thus far, the response coefficients are measured with error in the second stage cross-sectional regressions. But these response coefficients are the dependent variables in the cross-sectional regressions and as long as the estimation errors are not related to the firm characteristics in any systematic manner, the cross-sectional regression coefficients will not be biased. Nevertheless, to address this issue, we estimate a single panel regression using both time-series as well as crosssectional data. The panel regression allows us to estimate, the response coefficient and the impact of the characteristic on the response coefficient in a single step.
The following regression is estimated across all firms and all days in the sample (i.e, 1988-1998), using the bid-ask bounce free return data: 
where the variables are as defined earlier, except that individual stock returns are computed using the return dataset that is free of bid-ask bounce.
In the above regression, the coefficients on the interaction terms capture the sensitivity of the response coefficient to the relevant cross-sectional variable. 15 For example, the coefficient a 2 captures the cross-sectional relation between firm size and the time-series liquidity response to
DABSRET. An advantage of this panel regression relative to the two-stage regressions used for Table 5 is that the panel regression can increase the power of the model by avoiding estimation errors which arise in the first step of the two-stage regressions.
The panel regression results are presented in Table 6 . 16 Size, turnover, and return volatility are all negatively related to the response of liquidity to absolute returns, and the standard deviation of turnover is positively related to this response. Notice that the explanatory power is considerably higher for the quoted spread regressions than for the effective spread regressions; perhaps because effective spreads, especially for infrequently-traded stocks, are estimated noisily. 17 In general, however, the panel regressions support the central findings of Table 5 .
III. Conclusion
A voluminous literature has explored the cross-sectional determinants of the spread. This line of literature treats liquidity essentially as a fixed property of a given stock. Yet, recent research 15 The intercept a 0 corresponds to the intercept from the first-stage time-series regression, while the coefficients a 1 and b 1 corresponds to the intercept from the second stage cross-sectional regression. 16 We also estimated the panel regression using returns computed from transaction prices. The results were qualitatively similar to those reported in Table 7 . 17 Panel regressions by size quartile, while not reported here for brevity, yielded results that were largely similar to those in Tables 5 and 6.   23 indicates that market-wide liquidity exhibits substantial intertemporal variation. This paper connects the cross-sectional and time-series studies of liquidity by taking a first step towards documenting cross-sectional heterogeneity in time-series variation in liquidity. We first examine whether there are differences across firms in recent liquidity trends as well as in daily fluctuations in liquidity. Next, we explore cross-sectional differences in the capacity of a firm's equity market to provide liquidity when information shocks affect the value of the stock. Low serial correlation in daily stock returns indicates that much of daily return movements are informationrelated, which justifies our use of daily absolute stock returns as a proxy for volatility.
We depart from existing cross-sectional studies of liquidity by using a comprehensive sample of more than 1200 stocks over more than 2800 days, and examining the cross-section and timeseries of liquidity simultaneously. Our main results are as follows:
• Daily average liquidity changes exhibit considerable cross-sectional variation. Small firms tend to have greater proportional liquidity changes on average than large firms.
• The increase in aggregate market liquidity over the past decade has been more pronounced for large firms than for small firms.
• Daily absolute returns are an important determinant of daily variations in liquidity.
• We take the degree of co-movement between liquidity and absolute returns as an inverse measure of the resilience of a firm's liquidity to information shocks. Our cross-sectional analysis indicates that size, volume, and volatility are all negatively related to this comovement coefficient; however, the volatility of volume is positively related to the comovement.
• Institutional holdings are negatively related to the co-movement between liquidity and absolute stock returns. Our rationale for this result is that liquidity trades are more likely to 24 emanate from institutions in large companies, so that the liquidity of large stocks is better able to withstand large stock price fluctuations.
The results in the last two items above indicate that the resilience of a firm's equity market to stock price fluctuations is largest for firms with large market capitalization, trading volume, and return volatility, but small variability of trading volume. Larger institutional holdings are positively related to this resilience. These results help shed light on which types of firms are likely to be most costly to trade during periods of information arrival. They also shed light on the cross-sectional determinants of the heterogeneity in the time-series movements of liquidity across different types of stocks.
Our work suggests some interesting topics for future research. While we provide some theoretical analysis, a further exploration of the issues we address (e.g., in the context of a multisecurity dynamic model) may be worthwhile. In addition, it may also be worthwhile to analyze the relation between liquidity and returns, and how this relation varies in cross-section. For instance, stock returns have been high during the 1990s, while liquidity has increased. Further, large firms have performed better than small firms, and their liquidity has increased more than that of small firms. It would be interesting to document how much of the greater price appreciation for large firms can be attributed to increases in their liquidity. 25 Average liquidity measures by year, 1988-1998 For each firm, liquidity measures are averaged within each year and within each year are averaged cross-sectionally. This table reports the crosssectional mean and standard deviation for liquidity measures for each year as well as for all years combined. QSPR: the quoted bid-ask spread, RQSPR: the quoted bid-ask spread divided by the mid-point of the quote (in %), ESPR: the effective spread, i.e., the difference between the execution price and the mid-point of the prevailing bid-ask quote, RESPR: the effective spread divided by the mid-point of the prevailing bid-ask quote (in %), DEPTH: the average of the quoted bid and ask depths, $DEPTH: the average of the ask depth times ask price and bid depth times bid price, COMP = RQSPR/$DEPTH. For each firm and year, cross-correlation across liquidity measures are computed. These are then averaged across firm-years and the below tables present these averages. The prefix "D" denotes daily percentage change. QSPR: the quoted bid-ask spread, RQSPR: the quoted bid-ask spread divided by the mid-point of the quote (in %), ESPR: the effective spread, i.e., the difference between the execution price and the mid-point of the prevailing bid-ask quote, RESPR: the effective spread divided by the mid-point of the prevailing bid-ask quote (in %), DEPTH: the average of the quoted bid and ask depths, $DEPTH: the average of the ask depth times ask price and bid depth times bid price, COMP = RQSPR/$DEPTH. For each firm and year, the following regression is estimated using daily data:
where, X t = % Change in liquidity measure on day t (either % change in quoted spread or relative quoted spread or effective spread or relative effective spread or depth or dollar depth or volume or dollar volume or composite liquidity measure). "D" denotes daily percentage change. QSPR: the quoted bid-ask spread, RQSPR: the quoted bid-ask spread divided by the mid-point of the quote (in %), ESPR: the effective spread, i.e., the difference between the execution price and the mid-point of the prevailing bid-ask quote, RESPR: the effective spread divided by the mid-point of the prevailing bid-ask quote (in %), DEPTH: the average of the quoted bid and ask depths, $DEPTH: the average of the ask depth times ask price and bid depth times bid price, COMP = RQSPR/$DEPTH.
MX t = % change in equally-weighted market-liquidity measure from day t-1 to day t DABSRET t = Absolute return in day t -Absolute return in day t-1 DABL5RET t = ABL5RET(t) -ABL5RET(t-1) ABL5RET(t) = Cumulative absolute return over days t-1 to t-5 DABSMRET t = Absolute equally-weighted market return in day t -Absolute market return in day t-1 DABL5MRET t = ABL5MRET(t) -ABL5MRET(t-1) ABL5MRET(t) = Cumulative absolute market-return over days t-1 to t-5
Panel A of this table presents the cross-sectional averages and t-statistics for α 1 and the percentage of firms with positive coefficients. Panel B presents this information averaged across all years for firms sorted into size quartiles. These panels also present the cross-sectional average adjusted R-squares from the above regression. Panels C and D present the same information for α 3 , Panels E and F for α 4 and Panels G and H for α 5 . Table 5 : Cross-sectional regression estimates for DABSRET Average coefficients from cross-sectional regression and Fama-Macbeth t-statistics, where the dependent variable is the coefficient on DABSRET (change in absolute value of concurrent stock return) in the time-series regressions. First, yearly time-series regressions are run for each stock to estimate the response of its liquidity to absolute returns (Table 3) . Then, the coefficients from these regressions are regressed annually on the explanatory variables in Table 4 . This table reports the Fama-Macbeth averages of the coefficients from these yearly cross-sectional regressions. T-statistics are in parentheses. The prefix "D" denotes daily perctentage change, RQSPR: the quoted bidask spread divided by the mid-point of the quote (in %), RESPR: the effective spread divided by the mid-point of the prevailing bid-ask quote (in %), COMP = RQSPR/$DEPTH. The following regression is estimated across all firms and all days in the sample (i.e, 1988-1998 where, X t = % change in liquidity measure from day t-1 to day t,"D" denotes daily percentage change, RQSPR: the quoted bid-ask spread divided by the midpoint of the quote (in %), RESPR: the effective spread divided by the mid-point of the prevailing bid-ask quote (in %), COMP = RQSPR/$DEPTH. MX t = % change in equally-weighted market-liquidity measure from day t-1 to day t DABSRET t = Absolute return in day t -Absolute return in day t-1 (calculated from mid-points of closing bid-ask quotes) SIZE = market-capitalization as of Dec 31 st of previous year INSTPC = percentage institutional holding as of Dec 31 st of previous year PRICE = stock price as of Dec 31 st of previous year STDRET = standard-deviation of returns measured during the previous calendar year AVETURN = average turnover measured during the previous calendar year STDTURN = standard-deviation of turnover measured during the previous calendar year DABL5RET t = ABL5RET(t) -ABL5RET(t-1) ABL5RET(t) = Cumulative absolute return over days t-1 to t-5 (calculated from mid-points of closing bid-ask quotes) DABSMRET t = Absolute equally-weighted market return in day t -Absolute market return in day t-1 DABL5MRET t = ABL5MRET(t) -ABL5MRET(t-1) ABL5MRET(t) = Cumulative absolute market-return over days t-1 to t-5 
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